Abstract-Center-biased fast motion estimation algorithms, e.g., block-based gradient descent search and diamond search, can perform much better than coarse-to-fine search algorithms, such as 2-D logarithmic search and three-step search. The latter type of algorithms, however, is more suitable for handling large motion content. To combine the advantages of both types of algorithms, an adaptive algorithm performing search patterns switching (SPS) is proposed in this paper. The proposed SPS algorithm classifies the motion content of a block using a simple yet efficient motion content classifier called error descent rate. Unlike other classifiers with heavy overhead, this classifier requires only the searching of a few points in the search window and then a division operation. Experimental results show that the proposed SPS algorithm is very robust.
I. INTRODUCTION
Block matching algorithms (BMAs) have been widely used in motion estimation (ME) for various video coding standards such as the H.26X series [1] . Full search (FS) can obtain the optimal motion vectors (MVs) but it is very slow. Many fast BMAs (FBMAs) have been proposed to speed up the ME process by reducing the number of search points based on two approaches. One approach, as employed in 2-D logarithmic search (2-DLOG) [2] and three-step search (3SS) [3] , uses coarse-to-fine searching to reduce the number of search points. This approach is efficient for large-motion video sequences because in these sequences the search points are evenly distributed over the search window and thus the global minima far away from window centers can be located more efficiently. For small motions, this approach is less efficient.
The second approach utilizes the center-biased characteristic of MVs. According to an analysis on motion vector distribution in [4] , about half of the macro-blocks are stationary and most of the MVs lie within the central 5 × 5 region of the search window. Algorithms such as new three-step search (N3SS) [5] , four-step search (4SS) [6] , block-based gradient descent search (BBGDS) [7] , diamond search (DS) [8] , and cross diamond search (CDS) [4] use center-biased search patterns to utilize the center-biased global minima distribution. Compared with coarse-to-fine search algorithms, a substantial reduction of search points can be achieved for small motion sequences. For videos with large motions, however, they are subject to quality degradation because they can be easily trapped in local minima.
Adaptive algorithms combine the advantages of the above two approaches by using different search patterns according to the motion content of a block. The performance of an adaptive algorithm depends on the accuracy of its motion content classification.
In this paper, an adaptive search patterns switching (SPS) algorithm is proposed. A simple yet efficient motion content classifier based on error descent rate (EDR) is developed for the search patterns switching decision.
The rest of the paper is organized as follows. Section II gives an overview on the various motion content classifiers. EDR is discussed in Section III. The proposed SPS algorithm based on EDR is described in Section IV. Experimental results are given in Section V, while Section VI gives the conclusions.
II. MOTION CONTENT CLASSIFIER
An adaptive ME algorithm can select between search patterns or search strategies for different motion contents. The motion content of a block can be classified by a motion content classifier. Various types of motion content classification have been proposed.
A. Zero Motion Content Classifier
Zero motion content blocks, i.e., the blocks with zero motion vectors (ZMVs), exist in most video sequences [4] . If a block is classified as a zero motion block, subsequent motion search can be skipped. Some early termination algorithms compare the distortion of a block at the zero motion point with a threshold. The threshold value can be predefined based on statistical results [9] or determined dynamically during the encoding process [10] . The main challenge of a zero motion content classifier is to find a universal threshold value for different video sequences.
B. Geometric Motion Content Classifier
The N3SS uses eight more search points in its initial search compared with 3SS. The initial search pattern can be considered as the geometric motion content classifier of N3SS. If the minimum distortion position is near the window center, the block is classified as a small motion block and a very compact search pattern similar to that of BBGDS is 1051-8215/$25.00 © 2009 IEEE used for the subsequent search. Otherwise, N3SS employs the coarse-to-fine search used in 3SS to search the large MVs.
Similar to N3SS, the efficient three-step search (E3SS) [11] uses its initial search pattern as the motion content classifier. Either small diamond search (SDS) or 3SS will be selected for subsequent search according to the motion content classification. Adaptive double-layered initial search pattern algorithm [12] also uses the initial search pattern as the classifier. Geometric motion classifier uses a large number of initial search points. Although the position of the global minimum can be estimated more accurately, the speed is slow, particularly in small motion sequences.
C. Motion Content Classifier Using MV Prediction
Motion content classifiers may use the information of spatial or temporal neighbor MVs to determine the starting search position and the search pattern [13] , [14] . For example, the algorithm proposed in [14] classifies a block into three categories. Either FS, 3SS, or 4SS will then be selected. In these algorithms, the motion content classification using predicted MV information can remove the temporal and spatial redundancy between blocks. However, motion content classification using MV prediction requires much more data storage and computational overhead.
A-TDB algorithm proposed in [15] uses another motion content classifier called predicted profit list, which is a sorted list of the search center distortions of all the blocks in a frame. Experimental results show that the predicted profit list is robust. However, the storage and sorting overhead of the list increases the complexity of the classification process.
III. ERROR DESCENT RATE
By the unimodal error surface assumption, block distortion monotonically decreases towards the global minimum. It can be further assumed that a global minimum point has a greater effect on its nearby error surface than the error surface further away from it. This effect is reflected by the rate of decrease in distortion. The nearer the global minimum, the faster the decrease in distortion. Fig. 1 shows this effect. The rate of decrease in distortion can be quantified by the slope of the distortion surface. Using the same assumption, the position of a global minimum in an ME search window affects the decrease in distortion at the search window center. 
respectively. An important feature of this assumption is that the distance of the global minimum from the search window center can be estimated by comparing the slopes. This is the basis of the proposed motion content classifier.
The error descent slopes at the center of the search window can be approximated by the following method. First, find EDR is defined as
where D B is the minimum distortion of the four adjacent points of the search window center and D A is the distortion at the search window center. For the case D B = 60 and D A = 100, the error descent rate is 0.6 or the distortion at point B is 40% less than the distortion at search window center point A. EDR values of 0.8 and 0.6 refer to 20% and 40% drop in distortion, respectively. As a ratio between the distortion values at different positions on an error surface, EDR can be considered as a normalized slope of error descent and is independent of different motion contents as shown from Figs. 4-7.
Figs. 4 and 6 plot the average values of EDR against the Euclidean distances between the global minima and the search window centers for several CIF, QCIF, and CCIR601 test video sequences. Details of the test sequences used are given in Table III . Figs. 5 and 7 show the EDR variances for the sequences. The average EDRs for d = 0 are much larger than one and are not shown in the figures. EDR being larger than one (i.e., D B > D A ) can mean that the center point is in fact a local minimum. Based on the center-biased characteristic of MVs, it is safe to assume that this local minimum is also the global minimum. As shown in Figs. 4 and 6, there is a general trend of increasing EDR value with increasing distance between global minima and search window centers. This shows that EDR is a good indicator of the proximity of the global minimum to the search window center and also provides strong support to the assumption used in Figs. 1  and 2 . The variances of EDR shown in Figs. 5 and 7 are generally low and video content independent. All the test video sequences, which include small, medium, and large motion contents, show the same trend of increasing EDR values with increasing MV lengths. Thus, EDR can be used reliably to estimate the proximity of a global minimum.
Most of the sequences in Figs. 4 and 6 have global minima within a distance of three pixels from the center if their EDR is below 0.85. In other words, if the distortion value has more than 15% decrease at the center of the search window, the global minimum is usually near the search window center. For global minima with a distance of more than 10 pixels from the center, they usually have 1 > EDR > 0.9, which means less than 10% error descent at the center. This further proves that EDR is a good estimator of the distance between the global minimum and the search window center.
IV. SEARCH PATTERN SWITCHING
The SPS algorithm using EDR as motion content classifier is shown in Fig. 8 . This algorithm uses the EDR at the center of the search window to estimate whether the global minimum is near the center. If so, a search pattern suitable for small motion searching will be used. Otherwise, a search pattern suitable for searching large motions will be applied.
As shown in Fig. 8 , EDR at the search window center is first evaluated. If EDR >1, all the four immediately adjacent points have distortion higher than the search window center point. According to the center-biased property of MVs [4] , a high percentage of MVs are within one pixel distance from the search window center. Thus, if EDR > 1, zero motion vector (ZMV) case is assumed, and the search stops for this block. Given that EDR ≤ 1, if EDR is larger than a threshold T (say 0.9), the global minimum is more likely to be at the outer area of the search window. 3SS will then be used for motion search. If EDR ≤ T, the global minimum is more likely to be close to the center. Block-based gradient descent search (BBGDS) will then be selected instead. Fig. 9 (a) and (b) show examples of subsequent search using 3SS and BBGDS for locating the global minimum at the outer area and near the center, respectively. SPS algorithm can employ other search patterns. Typical combinations include using DS instead of BBGDS for small motion search and using 4SS instead of 3SS for large motion search. SPS combinations can be represented as SPS(X, Y), where X and Y are the names of the small and large search patterns, respectively. Figs. 10 and 11 show examples of small motion search using DS for SPS(DS, Y) and large motion search using 4SS for SPS(X, 4SS), respectively. Various combinations for SPS algorithm are evaluated. Basically, the best combinations are those using center-biased search patterns, e.g., BBGDS and DS, for small motion search and coarse-tofine search patterns, e.g., 3SS and 4SS, for large motion search. For each SPS combination, an optimum threshold value T can be found by empirical method which will be discussed in Section V. It is found that the optimum threshold values for all tested combinations are in the range of 0.85-0.95. This result matches with the assumption and statistics in Section III.
The SPS algorithm notation can be rewritten as SPS(X, Y, T), where T is the threshold. The accuracy of SPS algorithm in motion content classification is given in Table I and II.  Table I gives the distributions of MVs found by FS and that estimated by EDR-based SPS. The second column contains the percentages of ZMVs found by FS. The third column contains The results show that the distribution estimated by SPS is fairly close to that found by FS. Table II shows the classification accuracy of SPS. The result of SPS estimation is compared with that of the FS. The percentages of correct estimations are tabulated. The estimation accuracy ranges from 76.03% to 98.80%. The estimation accuracy is lower for complex motion sequences, e.g., Stefan. Nevertheless, considering the simplicity, EDR is still a very efficient motion content classifier for SPS algorithm.
V. PERFORMANCE EVALUATION
Experiments were conducted to find the optimum threshold values for various SPS combinations. The performance of SPS is also compared with that of other algorithms. The details of the sequences used are listed in Table III . The block size is 16 × 16 pixels. The frame structure is IPPP and the search range is ±16 pixels. Simulation results are expressed in average number of search points used per block and average PSNR (dB) per frame.
A. Optimum Threshold for SPS Combinations
Table IV lists the average PSNR per frame and the average number of search points used per block for the combination SPS(BBGDS, 3SS, T) using different threshold values T for the CIF sequences. Searches will not be performed outside the frame. In other words, blocks on the frame boundary have clipped search windows. Therefore, the minimum number of search points used by SPS is three for corner blocks and four for boundary blocks, during ZMV returns. Table IV shows that the number of search points used is decreasing with increasing threshold values. More blocks will be classified as small motion blocks with higher threshold value. BBGDS, which is more easily trapped in a local minimum near the search center, will be used for these blocks. Therefore, although fewer search points are used, the quality degradation is severe. With a lower threshold value, more search points are needed because the large motion search 3SS converges slowly. It can be observed that T = 0.9 is an optimum threshold for SPS(BBGDS, 3SS, T). For the sequences Football, Coastguard, Foreman, and News, T = 0.9 achieves the highest PSNR. With T > 0.9, a few more search points are saved but PSNR degradations are obvious in some large motion sequences such as Stefan. Experimental results show that T = 0.9 is also an optimum value for the combination SPS(BBGDS, 3SS, T) in sequences of different resolutions. For other SPS combinations, an optimum threshold value T can be found using the same empirical method demonstrated. Experimental results show that the optimum threshold values T are around 0.85-0.95. It agrees with the statistics in Section III.
B. Comparison of SPS(SDS, 3SS, T) With E3SS
SPS(SDS, 3SS, T) uses the same small and large motion search patterns as in E3SS, which is in effect a combination of SDS and 3SS. The only difference is the motion content classifier. SPS(SDS, 3SS) uses the proposed EDR, while E3SS uses initial search pattern as its geometric motion content classifier. The performances of SPS(SDS, 3SS, 0.9) and E3SS are shown in Table V . The last row of the table shows the speedup of SPS(SDS, 3SS, 0.9) over E3SS. It can be seen that SPS(SDS, 3SS, 0.9) is 23.40-59.24% faster than E3SS. The matching qualities of both algorithms are similar.
C. Comparison With Other Motion Estimation Algorithms
Table V compares the performance of SPS(BBGDS, 3SS, 0.9), SPS(SDS, 3SS, 0.9), and SPS(DS, 4SS, 0.9) with FS, 3SS, E3SS, BBGDS, DS, and CDS using the CIF sequences. Among the three SPS combinations, SPS(BBGDS, 3SS, 0.9) performs best. Compared with other FBMAs, SPS(BBGDS, 3SS, 0.9) has the highest PSNR for News, Coastguard, and Foreman. It uses the fewest search points for Akiyo, News, Coastguard, and Foreman. Experiments were also conducted using the QCIF and CCIR601 sequences. Results also show that SPS is much faster than other algorithms.
D. Implementation in H.264 Reference Software
SPS(BBGDS, 3SS, 0.9) is implemented in the H.264 reference software JM9.6 [16] to compare with UMHexagonS [17] . UMHexagonS combines many techniques, e.g., motion vector prediction and early termination, from different ME research fields. The experimental setup is IPPPIPPP frame structure, Hadamard transform, and one reference frame. Table VI compares SPS(BBGDS, 3SS, 0.9) with UMHexagonS. The average PSNR and bit rate (kbits/s) are used for video quality evaluation. The computational complexity is measured by the ME encoding time. As shown, SPS is faster than UMHexagonS with similar bit-rate performance.
VI. CONCLUSION
A new motion content classifier using EDR is proposed in this paper. Based on this, the SPS algorithm is proposed. Compared to other recently proposed adaptive algorithms, SPS algorithm has negligible algorithm decision overhead. Experimental results show that the SPS algorithm is very robust.
